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Normalized Difference Vegetation Index (NDVI) and Normalized Difference Built-up Index (NDBI) have been 
computed and their relationships with Land surface temperature (LST) in each season were examined. LST retrieved by 
thermal data analysis represents the spatial and temporal distribution of surface temperature. NDBI is describing the built-up 
index and NDVI the proportion of vegetation in the watershed. Relationships of LST with NDBI & NDVI were developed 
in each season. Correlation results of LST & NDBI has shown strong positive relationship i.e. R2 = 0.991 in Jan.2016, 0.981 
in May 2016 & 0.965 in Oct.2016, where as strong negative correlation were found in between LST & NDVI i.e. R2 = 0.993, 
0.992, & 0.911 in each season. Relationship between NDVI & NDBI was also developed and is showing strong negative 
correlation i.e. R2 = 0.979, 0.988, & 0.913. 
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Introduction  
Land Surface Temperature (LST) is defined as the 
temperature at interface between the Earth’s surface 
and its atmosphere1. It is an important parameter in all 
physical processes of surface energy and water 
balance at local and global scales2-8. LST is playing a 
key role in land surface processes, not only, because 
of having climatic importance, but also due to its 
control of the sensible and latent heat flux exchange9- 10. 
LST have wide application in many fields viz; 
evapotranspiration, climate change, hydrological 
cycle, vegetation monitoring, urban climate and 
environmental studies11-18. LST is also used in models 
of vegetation stress19-21 and can be assessed for 
obtaining climatic trends when observed over many 
years22. Due to the limitations in in-situ observations 
and relatively large spatial variability in LST, it is 
commonly measured on a regional or global basis 
with satellite retrievals. On the availability of large 
scale satellite obtained LST data, near surface air 
temperature measurements can be evaluated23-25. LST 
data is useful for monitoring the temperature of 
different land use land /cover surfaces. It can be often 
used for checking and predicting of crop yield 26. Due 
to the strong heterogeneity of land use/ land cover 
(LU/LC) surfaces such as vegetation, surface 
roughness, topography and soil27-28 LST changes 
rapidly in space as well as in time 29-30. Therefore, it 
requires measurements with detailed spatial and 
temporal sampling. 
Satellite based thermal infrared (TIR) data is 
directly linked to the LST through the radiative 
transfer equation. LST retrieval from remotely sensed 
TIR data has attracted much attention and its history 
dates back from 1970s31-32. Remote sensing technology 
provides a unique way for evaluating LST on global 
scale. Remote sensing application is required to 
observe the spatiotemporal land cover changes in 
relation to the basic physical properties and in terms 
of the surface radiance and emissivity data. Remote 
sensing benefits are having availability of high 
resolution data, consistent and repetitive coverage  
and are able to map the earth’s surface conditions33. 
Thermal infrared (TIR) sensors are capable of 
obtaining quantitative information about surface 
temperature in different land cover classes. There are 
many workable thermal infrared sensors which are 
able to study LST viz; Geostationary Operational 
Environmental Satellite (GOES), NOAA-Advanced 
Very High Resolution Radiometer (AVHRR), Terra 
and Aqua- Moderate Resolution Imaging Spectroradiometer 
(MODIS).High resolution data from the Terra-
Advanced Space borne Thermal Emission and 
Reflection Radiometer (ASTER) has a 90m resolution 
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and LANDSAT-7 Enhanced Thematic Mapper 
(ETM+) and LANDSAT-8 TIRS having resolution of 
100m in thermal region. LST is sensitive to vegetation 
and soil moisture; therefore, it can be used to observe 
land use/land cover changes, such as urbanization, 
desertification etc. 
The Spatial and temporal changes resulted in  
LST due to changes occurred in land us/ land over 
cover and influence on the local weather of that  
area. Nowadays urbanization has become a common 
phenomenon, since the 20th century, about 50% of 
the population living in the city now34. Rapid 
urbanization leads to an increase in LST, which is 
governed by surface heat fluxes and play a key role in 
global climate change. Urbanization results in global 
climate change in various ways and multiple dimensions. 
Recent research reported that urban population is 
expected to reach 65 % by (2025)35. 
Multi-temporal and multi-resolution remote sensing 
images can provide basic data for analyzing urban 
spatial information and thermal environment effectively. 
Previous studies suggest that there exists a strong 
negative correlation between NDVI and LST, while 
NDVI changes greatly with season. Normalized 
difference vegetation index (NDVI) and Enhanced 
vegetation index (EVI) have been used as an indicator 
for vegetation cover and Normalized difference built-up 
index (NDBI) for level of urbanization. NDBI is  
defined as the linear combination of near infrared band 
(0.76 ~ 0.90 μm) and the middle infrared (MIR) band 
(1.55 ~ 1.75 μm), used for extraction of urban built-up 
land36. The present study analyzes the potential of 
LANDSAT-8 TIRS in mapping of LST and interprets 
their relationship with NDVI & NDBI using ArcGIS 
software. 
 
Materials and Methods  
Kandaihimmat Watershed form a part of Tawa 
river basin has been taken under investigation. The 
watershed covers the total geographical area of 
166.58 km2. The study area falls in survey of India 
(SOI) Toposheet No. 55 F/14, between latitude  
(220 30' 00''- 220 40' 00'' N) and longitude  
(770 45' 00''- 780 00' 00'' E). The watershed contains 
thick alluvium soil cover with good sources of 
irrigation facilities and is rich in agriculture. The 
watershed is part of rural area having wide spread 
built-up land. The seasonal LST variation was 
calculated from satellite data in ArcGIS software and 
inferred their relationship with NDBI and NDVI. 
Location map of the study area is showing in Fig.1. 
Three LANDSAT-8 images acquired on different 
season’s winter 23 January 2016, summer 30 May 
2016 & rainy 21 Oct, 2016 were downloaded from 
 
 
Fig. 1 — Location Map of the study area  
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USGS earth explorer web, has been used in the study. 
Satellite data analysis was done in ArcGIS software. 
Band 6 and Band 5 of the satellite imagery were 
processed for extracting the built-up index, while 
Band 4 & Band 5 of the data was processed for NDVI 
analysis. Thermal band TIRS (Band 10) was analyzed 
for surface temperature retrieval. In the proceeding 
paragraphs we have explained the complete processes 
of extracting these features from the satellite data by 
using ArcGIS software. 
NDBI stands for Normalized Difference Built-up 
Index, In comparison to the other land use / land cover 
surfaces, built-up lands have higher reflectance in MIR 
wavelength range (1.55~ 1.75μm) than in NIR 
wavelength range (0.76~ 0.90μm). NDBI is very useful 
for mapping the urban built-up areas and has been 
computed using the equation (1) expressed as follows; 
 
𝑁𝐷𝐵𝐼 ൌ ெூோ ሺ௕௔௡ௗ ଺ሻ–ேூோ ሺ஻௔௡ௗହሻெூோ ሺ௕௔௡ௗ ଺ሻ ା ேூோ ሺ௕௔௡ௗହሻ  … (1)  
 
Where, MIR is middle infrared reflectance, which 
is band 6 of Landsat-8. NIR is near infrared 
reflectance such as band 5 of Landsat-8; NDBI values 
range from -1 to 1. The greater the NDBI is, the 
higher the proportion of built-up area is. 
Normalized Difference Vegetation Index (NDVI) 
is an index that describes the vegetation proportion by 
measuring the difference in the near-infrared portion 
of electromagnetic spectrum which is strongly 
reflected by green vegetation and red portion of the 
spectrum which is absorbed by vegetation. NDVI 
were calculated by using NIR Band 5 and Red Band  
4 of the Landsat-8 data by given below equation (2) in 
ArcGIS software. The calculation of the NDVI is 
important because, the proportion of the vegetation 
(𝑃V) will be calculated and they are highly related 
with the NDVI and emissivity (𝜀) is calculated, which 
is related to the 𝑃V: 
 
𝑁𝐷𝑉𝐼 ൌ ேூோሺ௕௔௡ௗହሻ–ோሺ௕௔௡ௗସሻேூோ ሺ௕௔௡ௗହሻ ା ோሺ௕௔௡ௗସሻ  … (2) 
 
Where, NIR represents the near-infrared band 
(Band 5) and R represents the red band (Band 4) 
Land surface temperature is the temperature at the 
interface of earth’s surface with its atmosphere. It can 
be measured from the ground surface up to the height 
of 2-3m. While calculating of LST from the Landsat-8 
satellite data, different mathematical algorithms were 
used and processed in ArcGIS software. Evaluation  
of LST, from LANDSAT-8 data in ArcGIS raster 
processing involving the following steps: 
1. Conversion of satellite digital number into 
radiance by: 
 
Lλ ൌ ML ∗ Qcal ൅ AL െ Oi … (3) 
 
Where, 𝑀𝐿 represents the band-specific 
multiplicative rescaling factor, 𝑄cal is the Band 10 
image, 𝐴𝐿 is the band- specific additive rescaling 
factor, and 𝑂𝑖 is the correction for Band 10. 
2 Conversion of Radiance to At-Sensor 
Temperature by; 
 
BT = K2 /ln [(𝐾1/𝐿𝜆) + 1] − 273.15. … (4)  
 
Where, Tb is effective at satellite temperature  
in absolute temperature, 𝐾1 and 𝐾2 stand for the  
band-specific thermal conversion constants from the 
metadata. For obtaining the results in Celsius, the 
radiant temperature is revised by adding the absolute 
zero (−273.15 0C) 
3. Conversion of Satellite Brightness Temperature 
into LST by; 
 
𝑇𝑠 = BT/ {1 + 𝜆 (BT/𝜌) ln 𝜀𝜆]} … (5)  
 
Where 𝑇𝑠 is the LST in Celsius (0C), BT is at-
sensor BT (0C), 𝜆 is the wavelength of emitted 
radiance (𝜆 = 11.5 μm) 𝜀𝜆 is the emissivity.  
While in conversion of satellite brightness 
temperature in to land surface temperature we have 
required of emissivity which have been calculated 
from NDVI by using the below given formula in 
ArcGIS. 
 
e = 0.004Pv + 0.986 … (6) 
 
Where e is the emissivity calculated from the 
proportion of vegetation (Pv) by using following 
formula:  
 
𝑃𝑣 ൌ ሾே஽௏ூ ି ே஽௏ூ௦ ሿమሾே஽௏ூ௩ାே஽௏ூ௦ሿ   … (7) 
 
Where, the NDVIs and NDVIv are the thresholds 
of soil and vegetation pixel. 
 
Results and Discussion 
Land surface temperature acquired from satellite 
data represents the surface temperatures of each 
object within a pixel, which may be composed of 
several land cover types. With the help of above 
described equations processing of Landsat-8 thermal 
band 10, has been done in ArcGIS and LST maps of 
the study  area were  prepared.  LST maps  (Fig. 2a-c)  
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Table 1 — Statistics of Land Surface Temperature 
Date Minimum LST (0C) Maximum LST (0C) 
23 Jan. 2016 18  28 
30 May 2016 22  40 
21 Oct.2016 24  38 
 
were prepared are showing the spatial distribution  
of surface temperature within the watershed. The 
different thermal signatures seen in the LST maps  
of the watershed are because of the different land 
cover classes having different physical properties. The 
statistics showing minimum & maximum values of 
LST is given in Table 1. 
 
Land Surface Emissivity  
Land surface emissivity is a proportionality factor 
that scales black-body radiance to predict emitted 
radiance. It led significant impact on LST. Schadlich 
et al., 2001 & Sobrino et al. 200437-38 have made an 
assumption that land cover is soil when the NDVI 
value is below 0.2 and vegetation when it is over 0.5. 
Emissivity have been derived from Landsat-8 satellite 
data by calculated the proportion of vegetation with 
the help of algorithm 6  & 7 in  ArcGIS software. The 
Table 2 — Emissivity values derived from Landsat-8 data 
Date Minimum Maximum 
23 Jan. 2016 0.9863 0.9874 
30 May 2016 0.9860 0.9876 
21 Oct.2016 0.9860 0.9878 
 
maximum & minimum values of emissivity derived 
are given in Table 2.  
 
NDBI and LST Relationship 
During the study relationship between NDBI and 
LST were developed and found direct relationship 
between them in each season. Results of NDBI have 
shown the maximum surface temperature in Built-Up 
areas. Therefore, it have been predicted that built-up 
areas or urbanization is a inducing much surface 
temperature variations. In NDBI & LST correlation a 
strong positive relationship has been existed in each 
season i.e. R2 = 0.991, 0.981 & 0.965 in Jan. May & 
Oct. 2016 (Fig. 3a-c).The positive relationship found 
between NDBI and LST indicates that built-up area is 
generating much surface temperature variations and is 
the key contributor in urban heat island. On the other 
hand, healthy vegetative cover plays a key role in 
  
(a) (b)                                                        (c)  
 
Fig. 2(a— c)-Land Surface Temperature Maps 
 
 
                                a                                            b                                                    c 
 
Fig. 3 (a-c) — NDBI Vs LST Relationship  
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lowering of the surface temperature. Statistical detail 
of NDBI is given in Table 3. 
 
NDVI and LST Relationship  
Normalized Difference Vegetation Index (NDVI) 
is a measure of the amount and vigor of vegetation at 
the surface39. NDVI is very sensitive to changes and 
variations of NDVI might cause changes in land 
surface temperature. NDVI and LST relationship 
changed with season to season, but without obvious 
regularity. Correlation analysis has been done to find 
out the relationship between LST and NDVI  
which have shown a strong negative correlation i.e.  
R2 = 0.993 in winter (Jan.2016) 0.992 in summer 
(May 2016) and 0.971 in rainy season (Oct.2016) 
(Fig. 4a-c). From our observations, high surface 
temperature was observed in built-up and bare 
surfaces where as low surface temperature in green 
vegetative areas. Statistics of NDVI is given in Table 4.  
 
NDVI and NBDI Relationship 
Relationship between NDVI and NBDI has also 
been developed during the study. The minimum and 
maximum range of NDBI in each seasons varies from 
- 0.3048, 0.1536, -0.2156, 0.1285 and -0.2296, 0.1246 
respectively. NDVI have shown strong negative 
relationship with NDBI in each season i.e. R2 = 0.979 
in Jan. 0.988 May & 0.913 in Oct. NDVI can be used 
to characterize the evolution and expansion of  
built-up land40. The linear correlation of NDVI Vs 
NDBI is displaying in the scatter plot (Fig. 5a-c).  
 
Table 4 — Statistics of NDVI 
Date Minimum Maximum Mean 
23 Jan. 2016 -0.3048 0.1536 -0.0977 
30 May 2016 -0.2156 0.1285 -0.0360 
21 Oct.2016 -0.2296 0.1246 -0.0834 
       
                                        a                                                                      b                                                                  c 
Fig. 4(a-c) — NDVI Vs LST Relationship  
 
              
                                                 a                                                               b                                                            c 
 
Fig. 5(a-c) — NDBI Vs NDVI Relationship  
Table 3 — Statistics of NDBI 
Date Minimum Maximum Mean 
23 Jan. 2016 -0.3048 0.1536 -0.0977 
30 May 2016 -0.2156 0.1285 -0.0360 
21 Oct.2016 -0.2296 0.1246 -0.0834 
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Conclusion 
LST maps were prepared from satellite data 
analysis represents the spatial distribution of surface 
temperature in the watershed.LST analysis has shown 
higher surface temperature in built-up and bare 
surfaces and low in healthy vegetated areas. The 
maximum LST observed in each season was 28, 40 
and 380C respectively. NDBI evaluated from Band 6 
& Band 5 of the satellite data is describing the built-
up index. The maximum NDBI in each season was 
0.1536, 0.1285 & 0.1246 respectively. In summer 
NDBI and LST found significantly correlated i.e. 
(R2=0.981). Emissivity’s estimates were also retrieved 
using the classification-based algorithm in ArcGIS. 
Emissivity has shown inverse relationship with LST. 
The developed correlation of LST with NDBI and 
NDVI has shown R2 = 0.991 & 0.993 in jan.2016, 
0.981 & 0.992 in May 2016, 0.965 & 0.911 & in 
Oct.2016. Strong negative correlation resulted 
between NDVI & NDBI i.e. R2 = 0.979, 0.988 & 
0.913 for jan.2016, May 2016 & Oct.2016 
respectively. The strong positive correlation found 
between LST and NDBI means more be the built-up 
area high is the surface temperature. The strong 
negative correlation of NDVI with LST indicates  
that healthy green vegetation lowers the surface 
temperature. Thus, it can be suggested that NDBI not 
only can be used to analyze and predict LST but also 
can be used to draw the urban heat island effect in any 
area and provides a reliable basis for urban 
construction and planning. 
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